Abstract-Digital image processing in the field of time-lapse microscopy and biological research has been an interesting research area to provide statistical data of cellular dynamics to the field of cell biology. Digital image processing enables rapid and consistent quantification of qualitative observations. The image processing model examined here provides a tool for the biologists to identify structures called retraction fibers (RF) that are formed during Epithelial-Mesenchyme Transition (EMT), an important developmental process which also occurs during cancer metastasis. Quantifying RF formation is an important tool for biologists studying cellular regulation of EMT. The dynamic EMT process is captured using time-lapse microscopy. We use computer vision algorithms to detect and track the RF in image sequences of cells undergoing EMT to generate statistical information such as the number of RF formed during a window, lifetime of the RF, and their geometric dimension. This information can in turn be used by the biologist to quantitatively measure the extent of EMT under different test conditions.
I. INTRODUCTION
URING Epithelial-Mesenchyme Transition (EMT) [1] , cells disrupt cell-cell junctions and leave the epithelium as individual migratory cells. As cells separate, retraction fibers (RFs) form as cell membranes are stretched between separating cells. Understanding how EMT is regulated at the molecular level is an important question in cell biology since EMT is an important process during embryonic development as well as in cancer metastasis. Zyxin is an actin regulatory protein which appears to regulate how cells undergo EMT [2] . To study the effect of zyxin on EMT, the biologists are interested in understanding the behavior and dynamics of RFs formed during EMT. Therefore, they collect the retraction fiber information such as number of RF, maximum length reached and their lifetime from time-lapse microscopic images of cells expressing different zyxin mutants [3] undergoing EMT. This manual process is time consuming and subject to human error. The data collected may also be inconsistent for large volumes of images. Computer vision algorithms can be used to automatically detect and record information about the RF, providing more consistent data and reducing analysis time. This paper presents ongoing work that detects the number of RFs formed during EMT in different zyxin cell lines and derives lifetime and geometric information for each RF. The RF information can then be used to provide critical insight to the biologists about the role of zyxin in EMT. Our approach to detect RFs in the EMT sequence is based on finding lines in an image that was processed with morphological bottomhat transformation. We then link the detected RF in individual frames over time in the image sequence to compute the lifetime information of the RF.
A software prototype is developed as a proof of concept to identify and develop algorithms suitable for this particular problem domain. While cell tracking has generated much research interests [5] , few study specifically on the inter-cell structures. 
II. BACKGROUND
Currently, to study the effect of Zyxin on EMT the biologists capture the retraction fiber information manually. The biologists examine each image in the sequence of the time-lapse microscopic images, and use Olympus SlideBook [4] software package to manually measure the length of each retraction fiber at each time point. This manual process is time consuming and tedious posing a limit on the amount of data that can be collected. There is also variability in identifying RFs between researchers. The objective of this paper is therefore to provide a tool that can identify and track the lifetime of these retraction fibers automatically, using computer vision algorithms. Retraction fiber data for parental cells and cells expressing zyxin mutants during EMT can then be rapidly and reliably produced by the tool and used by the biologist for statistical analysis to determine differences in the RF behavior. The tool can thus provide a means to quantify the effect of altering zyxin function during EMT, thus leading to greater understanding of the role of zyxin in regulation of EMT and cancer metastasis.
III. METHOD
These bright field time-lapse microscopic images have little grey-scale contrast within the cell structure as shown in Figure 1 . The histogram of these images generally shows unimodal distribution which makes it challenging to threshold the image and separate foreground objects from the background. Further, variable background illumination poses additional challenges in the processing of these images. Different image processing techniques have been used to deal with these challenges [6] , [7] . We adopt a three-step approach in our solution. First, images are preprocessed to isolate any fiber-like structures; secondly, we determine the potential location of each RF; and finally we detect the total number of RFs in the image sequence.
A. Image Preprocessing
Each image is preprocessed with Gaussian smoothing to reduce the background noise before we apply adaptive thresholding. As these microscopic images have variable background illumination and poor contrast, a single global threshold cannot be used to extract the features present in the images. Bradley and Roth [6] proposed a simple and fast adaptive thresholding technique which has proven effective for these images. Given original two dimensional image frame I, binary threshold image I T is obtained as follows,
where A and G are the adaptive thresholding and Gaussian smoothing functions respectively. Figure 2 shows the I T that results from the image in Figure 1 . The cells and RFs appear as areas of black pixels, while the background appears as white pixels. As we are interested only in the fibers, we remove the black pixels corresponding to cell structures by eliminating the thicker regions while retaining thinner sections of the foreground image. The final preprocessed image I P can be obtained by applying the following function to the I T , ( ) where pixel value 0 stands for black and 1 for white. Figure   Fig. 2 . Result of adaptive thresholding applied to the image in Fig. 1 . Fig. 3 . Image in Fig. 2 with cell pixels removed.
3 shows the preprocessed image I P obtained from image I T in Figure 2 . Note the removal of most cell pixels at this step in the processing.
The connected regions in Figure 3 are either RFs or tapering parts of the cell structures, all of which correspond to thin structures in the original image (Figure 1 ). The image areas corresponding to these thin structures can be used to identify RFs after small regions are identified as noise and removed.
B. Finding Potential RF Locations
In this step we determine the probable location of each RF. The preprocessed image I P is labeled using a connected components algorithm. Connected regions with size less than a threshold ρ are removed as background noise. We define I R as the new image consisting of the remaining regions which include probable RF candidates. Figure 4 shows the contours of the regions in the resulting I R given the I P in Figure 3 .
C. Detection of the RF
As I R contains regions representing potential RF locations in an input image, we look for fiber structures in the proximity of each region. The majority of RFs in the EMT sequence are straight and dark. Therefore, we use the following line-finding algorithm to identify the structures. We first perform a morphological gradient on original image I using the Black Hat Transformation [8] , also referred to as bottom-hat transformation [9] . The resulting image becomes
where B hat is the bottom-hat transformation function. In image processing, the bottom-hat transformation is often used to detect dark objects on a lighter background. In this application, the darker objects detected include the RFs we wish to identify. In each transformed image I B , we use the Hough Transform [10] to find lines at every geometric location corresponding to contours in I R . Lines with length greater than a certain threshold λ are accounted as RFs when they are located within rectangles corresponding to bounding boxes for the regions in I R . Figure 5 shows the RFs detected by this method given the I R in Figure 4 .
After RFs are detected in all frames of an image sequence, we store the RF statistics of each frame, including the number of fibers in each frame and the length and location of each. With this information for all individual frames of the EMT image sequence, we track the number of unique RFs in the sequence by linking fibers in close proximity in adjacent frames. Each linked RF is given a globally unique identification number (ID) across the frames in the sequence. Figure 6 illustrates retraction fibers being tracked and linked across a three-frame sequence. At the end of such processing for all frames, we obtain the total number of RF present in the EMT image sequence, each of which has a unique ID. For each retraction fiber, its lifetime is calculated by the number of frames in which it is present multiplied by the time interval between frames.
IV. RESULTS
Our system is implemented under Microsoft Windows using image processing functions provided in the OpenCV library [10] . Three different EMT image sequences were provided by the Cancer Research Center in the Department of Physiology and Developmental Biology in Brigham Young University. Representative windows of frames in each of the three sequences were selected and processed with the proposed method. Each image sequence was reviewed by biologists, who manually identified the fibers and their lengths in each image. The statistics provided by the biologists are used as benchmark to evaluate our results.
Let X be the set of RFs identified in the benchmark, and T be the set of RFs detected automatically by our method. These fibers can be categorized in the following three ways, -True Positive (TP): an RF is in both T and X.
-False Positive (FP): an RF is in T but not in X. Figure 7 shows the precision of results in individual frames within a selected window in one of the image sequences. It can be seen from the graph that the detected RFs are mostly true RFs. The precision is less than perfect because any straight dark object in an image is assumed by our system to be a retraction fiber. Sometimes, the entire cell changes shape, elongating so that it resembles a RF by being thin, dark and straight and hence generates the false positives. These RF-like cells are generally not stretched between two cells and are thicker than true RFs due to the presence of cytoplasm. Thus we can perhaps eliminate them by adding further parameters for RF acceptance which measure RF width and verify abutting into cell bodies. We can also measure the statistical sensitivity s of the automatically generated output as follows, A sensitivity value of one means that every RF identified in the benchmark was also identified automatically by the program. Figure 8 shows the sensitivity in individual frames of a selected window in one of the image sequences. The sensitivity was not ideal in certain frames mainly because biologists are often able to identify retraction fibers that are not visible structurally but known to be present based on the shape of adjacent cells. In some cases, these RFs appear as multiple segments; in others, they are stretched too long and thin that the contrast is too low to be detected automatically. This problem can sometimes be remedied by using information from consecutive frames to connect the broken segments or to enhance the contrast locally. The threshold λ used to separate RFs from background noise can also cause the program to leave out short fibers while they are beginning to form. It is more important to detect the number of unique RFs in an EMT sequence than in individual frames, since if RF length and persistence detected automatically are shorter than those observed manually, this difference will likely be consistent across analyses. Let n X be the total number of unique RF identified in the benchmark in an EMT image sequence, and let n T be the number of true positive unique RF detected automatically. Then the overall sensitivity s overall of the program output can be defined by S overall = n T /n X.
(5) Table 1 shows the overall sensitivity of our results in sample windows of consecutive frames in each of the three sequences. As shown in the table, we could detect 73%, 75% and 100% RF in the three different image sequences. 
V. CONCLUSION
We have presented a method which shows potential for automatic detection of retraction fibers in EMT image sequences. In addition to detecting RFs, we can also provide lifetime and geometrical information of each fiber. To provide useful lifetime statistics of observed fibers, we need to test the program over longer EMT sequences, which are generally about 200-300 total frames. Our current work focuses on additional refinements to our method to capture smaller RFs as they begin to form and to estimate their lifetime more accurately.
One major and immediate facet of the future work is to increase the size of the image sample set. We are actively working with the biologists to collecting more EMT image sequences with benchmark information to allow a more thorough evaluation of our method and its refinements.
